This paper describes the POSTECH's submission to the WMT 2018 shared task on Automatic Post-Editing (APE). We propose a new neural end-to-end post-editing model based on the transformer network. We modified the encoder-decoder attention to reflect the relation between the machine translation output, the source and the postedited translation in APE problem. Experiments on WMT17 English-German APE data set show an improvement in both TER and BLEU score over the best result of WMT17 APE shared task. Our primary submission achieves -4.52 TER and +6.81 BLEU score on PBSMT task and -0.13 TER and +0.40 BLEU score for NMT task compare to the baseline.
Introduction
Although machine translation technology has improved, machine translation output inevitably involves errors and the type of errors in the output varies depending on the machine translation system. Correcting those systematic errors inside the system may cause other problems such as increase of the decoding complexity . For this reason, Automatic Post-Editing (APE) is suggested as an alternative to enhance the performance of the machine translation.
APE aims at the automatic correction of systematic errors in the machine translation output without any modification of the original machine translation system (Bojar et al, 2015; Bojar et al, 2016; . Basically, APE problem can be defined as a translation problem from machine translation output (mt) to post-edited sentence (pe), but source sentence (src) is used as an additional source for the problem. As a result, APE problem becomes a multi-source translation problem between two sources (mt, src) and a target (pe).
Due to the additional source, APE has two translation directions, the mt→pe direction and the src→pe direction. Previous researches have suggested various methods to combine the two directions with neural network architecture, such as loglinear combination of two translation models (Junczys-Dowmunt and Grundkiewicz, 2016) , factored translation model (Hokamp, 2017) and multiencoder architecture (Libovický et al., 2016; Chatterjee et al., 2017; Junczys-Dowmunt and Grundkiewicz, 2017; Variš and Bojar, 2017) .
Among the methods, we focus on the multi-encoder approach because it is more appropriate to model the multi-source translation problem. Also, considering the importance of proper attention mechanism, as shown in the research of JunczysDowmunt and Grundkiewicz (2017) , we use the transformer network (Vaswani et al., 2017) composed of a novel attention mechanism.
With this consideration, our submission to the WMT 2018 shared task on Automatic Post-Editing is a neural multi-encoder model based on the transformer network. We extend the transformer network implementation in Tensor2Tensor (Vaswani et al., 2018) library to implement our model. We participated in both PBSMT task and NMT task with this multi-encoder model.
In this paper, we introduce the multi-encoder transformer network for APE. The remainder of the paper is organized as follows: Section 2 contains the related work. Section 3 describes our method. Section 4 gives the experimental results, and Section 5 is the conclusion.
Related Work

Multi-Encoder Architecture
For a multi-source translation problem, the proper modeling of the relation between the multiple sources and the target is important. Combining two separate single-source translation models for each source-target relation (Junczys-Dowmunt and Grundkiewicz, 2016) or constructing single input by combining the all sources (Hokamp, 2017) may be a solution, but these are not the exactly modeling the multi-source translation problem. Zoph and Knight (2016) proposed the basic model of the multi-source translation problem. Their multi-encoder architecture uses trilingual data and contains separate encoders for each input to model the conditional probability of the target over the two sources. Libovický et al. (2016) showed the application of this multi-encoder architecture to model APE problem. They used the same architecture in both APE task and multi-modal translation task, because the two tasks can be defined as multi-source translation problem.
Although their model did not show a good result in the competition, the idea of multi-encoder architecture succeeded in the following WMT evaluation (Chatterjee et al., 2017; Junczys-Dowmunt and Grundkiewicz, 2017; Variš and Bojar., 2017) and achieved good results.
Transformer Network
Transformer network is a novel neural machine translation architecture proposed by Vaswani et al. (2017) , which avoids recurrence and convolution and focuses on the attention mechanism. The network utilizes an encoder-decoder architecture based on the stacked layers and each layer uses a new novel attention mechanism called multi-head attention.
Multi-head attention is a variation of scaled dotproduct attention. It employs a number of attention heads for information from different representation subspaces at different positions. With this characteristic, multi-head attention can model the dependency between tokens regardless of their distance up to the number of heads.
Transformer network uses the multi-head attention in three different ways: self-attention in encoder, masked self-attention in decoder, and encoder-decoder attention. The self-attention and the masked self-attention model the internal dependency of the input and the output respectively, and the encoder-decoder attention models the dependency between the input and the output.
With this attention mechanism, transformer network achieved the state-of-the-art result on the WMT 2014 English-to-German and English-toFrench translation tasks, and were faster to train than other prior models (Vaswani et al., 2017) .
for APE problem. We extend transformer network to have two encoders, one for the machine translation output and the other for the source sentence. Each encoder has its own self-attention layer and feed-forward layer to process each input separately. Also, we add two multi-head attention layers to decoder, one for original translation dependency (src→mt) and another for ideal translation dependency (src→pe). After these attention layers, the words common to both the machine translation output and the post-edited sentence have similar dependency on the source sentence, so those common words obtain similar source contexts. Then we apply multi-head attention between the output of those attention layers, expecting that the source context helps the decoder to recognize those common words which should be remained in post-edited sentence.
In short, we added the second encoder for the source sentence to the transformer network and modified the encoder-decoder attention structure to reflect the relation between the original translation and the ideal translation.
Experimental Results
Data
We used WMT'18 official data set (Chatterjee et al., 2018) for PBSMT task and NMT task individually. The official PBSMT data set consists of training data, development data and two test data (2016, 2017) , and the official NMT dataset consists of training data and development data.
We adopted the artificial training data (JunczysDowmunt and Grundkiewicz, 2016) as an additional training data for both tasks. Table 1 summarizes the statistic of the data sets. In addition, the artificial-small data set is the subset of the artificial-large data set.
Training Parameters
We used the base model parameters of transformer network: 6 stacks, 8 heads, 512 hidden dimension, 2,048 feed-forward dimension, 64 key dimension, 64 value dimension, dropout probabilities 0.1 and Adam optimization with β1=0.9, β2=0.997 and ε=10 -9 . We built a shared word piece vocabulary with size of 2 16 from the combined set of PBSMT training data set and artificial-large data set for PBSMT model. For NMT model, we used the combined set of official data and artificial-small data to build the vocabulary, with consideration of the difference between two tasks.
For training, we used a mini batch size of 2,048 with max sequence length of 256 and initial learning rate of 0.2. We set warmup steps to 16k and trained the model during 160k steps. Model checkpoints were saved every 1,000 mini batches. We select this model as our base model.
Tuning
After 160k steps of training, we tuned the base model in two step. For the first tuning step, we reduced the training data to the sum of the official training data set and artificial-small data set. We trained the base model on the reduced training data during 30k steps more and selected the model with the lowest validation loss (1 st -tuned). For the second tuning step, we used the official training data to fine-tune the 1 st -tuned model. We used the same tuning method with 1k training step. The model with lowest validation was selected as the final model (2 nd -tuned).
Evaluation
We evaluated the models using the WMT data set, computing the TER (Snover et al., 2006) and BLEU (Papineni et al., 2002 ) scores on the decoded output. The decoding parameter is the same as the default decoding parameter of the Tensor2tensor. We used the scores of original machine translation output as the baseline to compare our results. Table 2 shows the results of the evaluation on PBSMT data set and NMT data set. The result on PBSMT data set is comparable to the last year's top result without any additional post-processing. In contrast, the result on NMT data set shows almost no improvement. We guess that the different characteristics of PBSMT artificial data set from the NMT training data set causes the result. 
Submitted System
We used checkpoint averaging to make an ensemble model for submission candidates. For the better result, we used various checkpoint saving frequencies in the second tuning step and trained the model five times for each frequency. Then, we applied checkpoint averaging on the models with following conditions: top-5 models (top5), top-5 models in a fixed checkpoint frequency (fix5), five top-1 models for various checkpoint frequencies (var5). We used TER score on the development data set to select the models. In addition, we chose the top-1 model to the submission candidate. Table 3 summarizes the result of the four submission candidates on both PBSMT and NMT data set. For the submission, we chose three models with low TER score and high BLEU score. Table 4 shows the official result of the submitted model on WMT18 test data set. Our primary submission for PBSMT achieves -4.52 TER and +6.81 BLEU scores and our primary submission on NMT task -0.13 TER and +0.40 BLEU scores compare to the baseline.
Conclusion
In this paper, we propose a multi-encoder transformer network for APE task. We modified the structure of encoder-decoder attention to reflect the relation between machine translation output, source sentence and post-edited sentence in APE. Our multi-encoder model showed a comparable result to the top result of last year's competition on PBSMT task, although almost no improvement on NMT task. 843
